Abstract The aim of this study is to assess the ability of EEGbased indices in providing relevant information about cognitive engagement level during the execution of a clinical sustained attention (SA) test in healthy volunteers and DAI (diffused axonal injury)-affected patients. We computed three continuous power-based engagement indices (P β /P α , 1/P α , and P β / (P α + P θ )) from EEG recordings in a control group (n = 7) and seven DAI-affected patients executing a 10-min Conners' Bnot-X^continuous performance test (CPT). A correlation analysis was performed in order to investigate the existence of relations between the EEG metrics and behavioral parameters in both the populations. P β /P α and 1/P α indices were found to be correlated with reaction times in both groups while P β / (P α + P θ ) and P β /P α also correlated with the errors rate for DAI patients. In line with previous studies, time course fluctuations revealed a first strong decrease of attention after 2 min from the beginning of the test and a final fading at the end. Our results provide evidence that EEG-derived indices extraction and evaluation during SA tasks are helpful in the assessment of attention level in healthy subjects and DAI patients, offering motivations for including EEG monitoring in cognitive rehabilitation practice.
Introduction
The ability of maintaining a Bvigilant^or Balert^(engaged) brain state is one of the three main functions of the human attention system according to Posner and Petersen [1] . Mental engagement is fundamental in learning and rehabilitation processes, and methods to track subject's attention level during the execution of specific tasks through physiological signals are of increasing interest to researchers. In 1995, Pope and coworkers at NASA [2] developed an adaptive system that used electroencephalographic (EEG)-based indices to monitor what they called Buser's engagement level.^They employed EEG-derived metrics to activate an automatic system for the modulation of the difficulty level in a videogame-like task for children with attention deficit disorder [2] . In their study, several candidate indices were computed combining power values in the theta (θ, 4-8 Hz), alpha (α, 8-13 Hz), and low beta (β, 13-22 Hz) frequency bands, possibly reflecting mental engagement and providing information on brain efforts. These indices (P β / (P α + P θ ), P β /P α , and 1/P α ) were built assuming that an increase in β power (P β ) was related to an increase in brain activity during a cognitive task [2] [3] [4] . On the contrary, increases in α and θ activity have been assumed to be related with lower mental vigilance and alertness [3] [4] [5] [6] [7] . More recently, brainwave-based parameters have been successfully applied in several real-time tutoring systems to monitor and enhance student's attention during lectures [8, 9] . Despite brainwave features have also been successfully employed to distinguish brain attentive states and to correlate with emotions [10] and mental workload, in cognitive and memory task [11] [12] [13] , EEG-based indices were mainly applied for not clinical purposes.
Clinically, the skill of maintaining a high level of vigilance for long time is referred to as Bsustained attention^(SA) and it is usually assessed through a battery of neuropsychological tests which evaluate measures related to subjects' performance while responding to a series of stimuli [4] . In recent works, time-frequency correlates of the EEG activity have been proved to be related with changes in vigilance and human performances during cognitive neuropsychological tests. Modulations in power spectra from specific regions of the brain have been widely observed [5, 7, [14] [15] [16] [17] , and several studies reported clear relations between event-related potential (ERP) signatures and human performances [4, 16, [18] [19] [20] .
This issue is of clinical interest and different applications are possible: first for the assessment of the performances during attention tests, based on quantitative indices coming from the direct measure of physiological signals; in addition, it may represent an efficient tool for monitoring attention also during cognitive or motor rehabilitation tasks where the active and constant participation of the patient is fundamental for the effectiveness of the exercise [21] .
Traumatic brain injury (TBI) is the main cause of acquired neurological impairments, often resulting in diffuse axonal injury (DAI). DAI is characterized by the disconnection of distributed brain networks, due to axonal micro-damages in the white matter of deep brain structure in medial area and in the brainstem [5, 22] . In the acute stage of TBI, computerized tomography (CT) and magnetic resonance imaging (MRI) are the most used investigation tools able to provide accurate diagnosis of axonal injury-related lesions [23] . Patients with DAI often show cognitive disorders, such as reduction of attentive capabilities and vigilance, partial loss of memory, and a slowdown in processing information [5, 24] . Long-term outcomes are usually assessed by mean of neuropsychological tests of sustained, selective, and divided attention, the measures of which are considered representative of the patient's condition [25] , but their reliability has been discussed [24, 26] . More recent studies succeeded in correlating the severity of cognitive impairments with neuroimaging parameters and clinical indices [23, 27] . Also, activation of brain networks and structures during SA tests has been observed through EEG and fMRI techniques, providing an insight of the dynamics of damaged brain patterns [5, 22] .
In this context, the main aim of this work was to understand if EEG-derived indices proposed in the literature as Bengagement indices^for non-clinical applications are able to monitor and provide relevant information about the subject's level of attention during a SA task. Thus, in this study, we computed mental engagement level by using continuous EEG recordings during an inhibitory attentive Conners' Bnot-X^continuous performance test (CPT) [28] to investigate the existence of a relationship with clinical parameters in a control group and seven DAI patients. Moreover, we explored the information gathered from different cortical regions.
Methods
In this work, we present a novel study analyzing EEG data recorded during the Conners' Bnot-X^continuous performance test (CPT). The ethical review board of the BEugenio Medea^Institute (Bosisio Parini, Lecco, Italy) approved the research. The selected data are part of the EEG recordings database analyzed in former studies [5, 14] .
Controls
Nine healthy, right-handed subjects with a mean age of 24 years (SD 2.9 years, range 18-28 years, 1 female) volunteered in the experiment. All participants had no history of psychiatric or neurological disorders. They all were native Italian speakers and their cognitive and attentive abilities were normal. They showed no sensory impairments. Volunteers did not receive any compensation for participating, and all of them gave their informed consent.
Patients
Seven patients (one female) from the BUnita`di Neuroriabilitazione delle Cerebrolesioni Acquisite( Scientific Institute BEugenio Medea^) were included in this analysis (mean age 21 years, SD 4.5, age range 17-29). All the subjects had severe traumatic brain injury (TBI) with a followup diagnosis of DAI. Patients underwent a complete evaluation of their neurologic, sensorial, physics and cognitive functions with both clinical and instrumental examinations analysis (electroencephalography, auditory brainstem response, somatosensory evoked potentials, and visual evoked potentials). Inclusion criteria to participate to the CPT test were as follows: Glasgow Coma Score (GCS) < 8, CPT behavioral indices falling within the normality range, no pharmacologic therapy, absence of behavioral disturbance and motor deficit, no visual and auditory problems, IQ > 85, and more than 12 months after the traumatic event [5] . The experiment was carried out after the patients had concluded a rehabilitation program.
Sustained attention test
In this study, a modified attention continuous performance test (CPT) task, also called the Conners' Bnot-X^CPT, was employed to assess sustained attention capability [28, 29] of controls and patients, while their continuous EEG activity was recorded. The test was performed in a dimly lit and quiet room, with subjects seated on a comfortable chair. The letters of the English alphabet were presented in a randomized order on a monitor placed at a distance of 60 cm in front of subjects. The letters were written in black on a white screen. Each subject was asked to press the left mouse button with the right index finger as fast as possible every time a letter different from X was presented (GO target) and to inhibit their response when the X appeared on the screen (NoGO target or Binfrequent stimulus^). Each stimulus was presented for 250 ms with an inter-stimulus interval (ISI) of 2000 or 1000 ms (Fig. 1 ) randomly set. The total duration of the test was approximately 10 min without interruption and with a total of 425 GO and 25 NoGO stimuli. A 2-min recording was also performed before the test while a standard image with randomly oriented line was shown, in order to provide a baseline at rest.
CPT test outcomes are usually evaluated computing several indices: omission errors, commission errors, and reaction times (RT) [29] . If the subject does not respond to the GO letter, or if he/she responds to NoGO target stimulus, an omission or a commission error is reported, respectively. Mean RT are calculated by averaging values recorded only when no errors are reported [28] .
EEG acquisition and pre-processing
EEG signals were recorded with 19 Ag/AgCl electrodes placed according to the international 10/20 system (Fp1, Fp2, F3, F4, F7, F8, T3, T4, C3, C4, T5, T6, P3, P4, O1, O2, Fz, Cz, Pz). A1 and A2 electrodes were used as reference. Eye movements were recorded using two bipolar electrodes (EOG): one was placed at the outer canthus and the other one was below the right eye. All the EEG recordings were performed by means of a 32-channel AC/DC amplifier (Neuroscan) and its data acquisition software (Scan, version 4.3). Raw data were low pass filtered (hardware anti-aliasing filter) at 70 Hz and notch filtered at 50 Hz. The A/D sampling rate was 500 Hz. Each electrode impedance was below 5 kΩ.
EEG data were imported in the MATLAB R2014a (The MathWorks, Inc) environment and preprocessed by mean of the open source EEGLAB toolbox (http://sccn.ucsd.edu/ eeglab/) [30] . EEG signals were digitally filtered in the band 1-30 Hz by means of finite impulse response (FIR) filters, to remove noise and muscular artifacts. Independent component analysis (ICA) employing the BInfomax^algorithm [30] was applied on the filtered signals in order to identify ocular artifacts (blinking and eyes lateral movements) sources to be rejected by visual inspection of the component maps and power spectral density distributions. Data were then downsampled to 64 Hz to reduce the autocorrelation of the signals due to oversampling and, therefore, provide a better estimation of the spectral power components via the spectral decomposition procedure [31] , as described in the following section. This also provided a lower Nyquist frequency, improving the definition of the frequency bands of interest.
Engagement indices
For each EEG channel, power values corresponding to standard theta (θ, 4-8 Hz), alpha (α, 8-13 Hz), and Blow^beta (β, 13-22 Hz) activities [2, 3, 12] were extracted from 4-s sliding windows of signal updated every second of the EEG recording (with a 75% of overlap) [3] . The power values were computed by means of an autoregressive (AR) model followed by spectral decomposition [32] . To this aim, the Yule-Walker estimation algorithm, in batch implementation, was applied with model order chosen according to the Akaike information criterion and the Anderson's test to assess the whiteness of the residual [5] . Then, through the spectral decomposition procedure [31, 33] , the relative power of the EEG rhythms was obtained as the sum of the spectral components related to the model poles with frequency falling in the selected frequency bands, as described by Zettemberg et al. [33] . The procedure was repeated every second of recording as represented in Fig. 2 . The three candidate indices were then calculated as: P β / (P α + P θ ), P β /P α , and 1/P α , where each power quantity was the combination (i.e., sum) of the power values from the selected electrodes [2, 3, 8, 12] computed as in the following equation (Eq. 1)
where N is the number the selected channels. In order to derive each index, three montages (previously proposed in the literature on attention, mental workload, and emotion identification during cognitive and motor tasks) were considered: (M1) F4, F3, F7, F8 [34] ; (M2) Pz, P3, P4, Cz [2] ; (M3) Pz, P3, Fz, C3 [12] . In addition, we also considered a symmetrical configuration of M3, (M4) Pz, P4, Fz, C4. Overall, four different montages were employed in the analysis, mainly covering the frontal and parietal areas, which are proved to be associated with sustained attention performance [35] .
Because the resulting indices are dimensionless and their values are subject dependent, it is important to consider values corresponding to the activity period with respect to an individual rest interval (i.e., baseline). A baseline estimate for each subject was obtained from a 2-min recording. Finally, the EEG-based engagement indices were calculated on the 10-min CPT task.
The indices' values (one for each second) derived from the CPT data of each participant were normalized with respect to the individual baseline employing the cumulative distribution function (CDF) formula. This operation provides the probability CDF(x) = P(X ≤ x) with which every index value computed during the CPT task is higher than the ones belonging to the distribution derived from the rest period, assuming a normal distribution of the baseline values. By doing this, we obtained a unique range (0 1) across indices and participants, where B0^means low and B1^high level of engagement [36] , taking in consideration not only the mean but also the standard deviation (i.e., the variability) of the rest period. Fig. 2 The processing procedure is applied on 4-s sliding windows of filtered signals (1-30 Hz), updated every second of the EEG recording. On each epoched signal, the AR model is derived and the power values of interest are extracted through spectral decomposition [31, 33] . This technique allows the separation of the power spectral density in k components S k , one for each pole (p k ):
the number of poles. The spectral components associated to the residual γ k of the poles with frequency falling in the selected bands are computed as explained in [32, 33] and finally employed to obtain the Bengagement indices9
Statistical analysis
To uncover possible relations between the analyzed indices and behavioral parameters, we performed a correlation analysis, exploiting Spearman's correlation coefficient, between the averaged indices values and RT per minute for each participant (controls and patients).
In order to perform Spearman's correlation analysis across the whole group (patients and controls separately), we computed the variations of the indices values and RT, for each subject, as the difference between the value at the current minute t and the previous one t − 1. This allowed a further normalization across the subject of each group for both the involved parameters.
A correlation analysis was attempted also between the values of the indices and the number of errors. The statistical significance threshold for correlations was set to 0.05 after the false discovery rate (FDR) correction for multiple tests using the Benjamini and Yekutieli procedure [37] .
To evaluate indices fluctuation over time, a series of repeated measures Friedman's test was performed in both controls and patients' group. The statistical significance threshold of post-hoc analysis was set to 0.05 after Bonferroni's correction method (k = 10).
To assess differences between indices calculation and electrode montages, we employed again the repeated measures Friedman's test in every time interval, with post hoc analysis and Bonferroni's correction (k = 6), where needed.
Finally, to identify potential differences between controls and patients, we employed the Wilcoxon rank-sum test in each setting and across time. The non-parametric statistics was selected because of the small number of sample in each group.
Results

Behavioral results
In Table 1 , behavioral results are reported in terms of number of omission errors (% values), commission errors (% values), and mean RT (s), for correct answers to non-target stimuli, both for controls and patients [28] .
Statistical comparison between DAI and control group behavioral parameters is discussed in previous work on these data [5] , but it is not of main interest in this work.
EEG results
EEG signals from two healthy volunteers (S05 and S06) were discarded because a large part of signals at rest was heavily corrupted by movement-related artifacts and noise, leading to an unreliable baseline period and following incorrect index calculation.
Correlation analysis
Significant negative correlations were found between P β /P α and 1/P α indices and mean RT for individual healthy subjects, but only weak correlations were present for P β / (P α + P θ ) ratio. Considering the variations of mean RT and of each index value across the complete control group, significant negative correlations (Fig. 3) were found for P β /P α and 1/P α indices in all the electrode configurations. No significant correlations were found for P β / (P α + P θ ) ratio.
In addition, the DAI-affected patients showed significant negative correlations between the three engagement indices and mean RT individually. Considering the variations of mean RT and each index value across the complete group (Fig. 4) , significant negative correlations were found in each configuration for all the metrics, but P β / (P α + P θ ) remained only weakly correlated as for the controls and not significant when derived from M1. All correlation coefficients values and relative p values are reported in Figs. 3 and 4 .
In the control group, no correlation was found between any of the considered indices and reported errors (mainly because of the small number of errors) while throughout the CPT test more errors were reported for some patients, generally unevenly distributed along the 10-min recording. In fact, we found that for patient P01, P04, and P07, with a higher number of errors in the second half of the test, all the indices were negatively correlated (r = − 0.3 to − 0.9) with the number of errors per minute. For P04, these correlations were statistically significant (r < − 0.7; p < 0.05) in all electrode configurations. In particular, the most correlated index was the P β /P α ratio derived from the parietal and central-left configurations (channels M2 and M3). P β /P α and P β / (P α + P θ ) were found to be negatively correlated with total number of errors (r = − 0.4; p < 0.05) also when performing the correlation across all the patients group, while 1/P α , despite being correlated with RT, showed only weak correlations with the number of errors.
Time, montage, and group effect analysis
In Figs. 5 and 6 , the values of the three indices averaged across 2-min time intervals for the control group and DAI-affected group, respectively, are represented.
Statistical analysis on time effect for controls throughout the 10-min CPT test showed significant (p < 0.05) fluctuations of the indices. P β /P α index showed significant differences in three montages (M2, p = 0.003; M3, p = 0.004; and M4, p = 0.01), in particular block-2 (minutes 3 and 4) was characterized by a diminished value of the index with respect to the first (M2, p = 0.002; M3 p = 0.013; and M4, p = 0.023), and block-4 (M3, p = 0.04 and M4, p = 0.02). Again block-2 was found to have a statistically lower value of 1/P α index with respect to block-1 for all the montages (M1, p = 0.041; M2, p = 0.041; M3, p = 0.007), while block-5 (minutes 9th and 10th) was lower than block-1 in M2 (p = 0.023), M3 (p = 0.038), and M4 (p = 0.041). P β / (P α + P θ ) index in time block-2 was significantly lower than in the 3rd (M4, p = 0.041) and 4th (M3, p = 0.023) intervals.
Patients showed less dispersed engagement values across the group and a similar trend for all the indices in central and parietal areas. As for the controls, statistical analysis on time effects throughout the 10-min CPT test showed significant (p < 0.05) fluctuations of all the indices. With respect to the starting time block, P β / (P α + P θ ) index was found significantly lower in time block-5 in the parietal electrode configuration (p = 0.023). P β /P α index showed significant differences No significant differences were found between the electrodes configurations analyzed for the control group. Patients showed a P β / (P α + P θ ) index with statistically lower (p = 0.011) value when derived from frontal electrodes (M1) Fig. 3 Correlation analysis between the variation of the values of the indices and mean reaction times (RT) across time and subjects in the healthy group. Each row displays values for a single index, whereas columns represent the electrode configurations. Over each single plot, Spearman's correlation coefficient (r) and the corresponding p value (p) are also reported. Negative correlations are stronger for P β /P α and 1/P α , in particular when derived from Pz-Cz-P3-P4 (M2) configuration, while P β / (P α + P θ ) shows very weak or almost no correlation than from M3 combination, in the first half of the test (block-1 and block-2). In the same group, P β /P α showed lower values derived from M1 than from M3 in block-1 (p = 0.011), block-2 (p = 0.040), and block-3 (p = 0.022). Frontal and central-left montages were found to be different also for 1/P α index at the end of the test (block-5, p = 0.022). are reported. Significant negative correlations are present in every setting, but for P β / (P α + P θ ) the coefficient is mainly weak, while higher values are found for P β /P α and 1/P α with minimal differences among the four montages No statistical differences between the two groups in each setting (metrics and montages) and for each time block were found. It is anyway interesting that the indices trends across CPT test are similar for both the groups, with mainly decreasing values in the second and last time blocks of the test.
Discussion
In this study, we compared the ability of three EEG-based indices in providing useful information on mental attention level during cognitive tasks [2, 3, 8, 34] in seven healthy volunteers and seven DAI-affected patients. To our knowledge, this is the first investigation reporting continuous time courses of these indices, and performing a correlation analysis with clinically employed behavioral parameters of a sustained attention (SA) test (i.e., Conners' CPT).
Of note, the influence of finger movements on EEG power was investigated in previous works on these data [5, 14] , by analyzing recordings of two additional healthy volunteers who were asked to respond at each stimulus pressing the left mouse button without distinction between GO and NoGO stimuli. The analysis reported that no contribution on the total power was related to the movement. Considering the same population, in [5, 14] , we also reported the analysis of absolute power rhythms variability, raising evidence on temporal modifications of the power spectral density of each EEG channel. Here, we present a time-varying evaluation of EEG-derived indices in a combined framework: power-based ratios derived from selected subsets of leads. Thus, as further discussed in the sections below, this study attempts at providing more practical indications for the actual application of EEG monitoring and evaluation during attentional tasks.
Correlation analysis
Our results show that in healthy volunteers P β /P α and 1/P α indices are negatively correlated with mean reaction times (RT) across the 10-min CPT test, meaning that an increase in their values was accompanied by a concurrent decrease in the mean RT. This outcome is in line with the work of Berka and colleagues (at Advanced Brain Monitoring, Inc), which employed proprietary engagement metrics [11] , and suggests that a higher value of the index (i.e., higher β and lower α activity) implied a faster response of the subject, thus high vigilance and alertness level [4] . The non-significant correlation showed by P β / (P α + P θ ) index is a rather unexpected result. Several works supported the efficacy of this index in monitoring mental engagement during sustained cognitive exercises [3, 34] , like for example, reading, learning, and driving [8, 9, 38, 39] . We speculate that a possible explanation be that the tasks are not totally comparable. In fact, while the CPT test mainly focuses on sustained attention and alertness to respond to incoming stimuli [25, 40] , reading or driving are more complex tasks, thus involving visual scanning, processing, and encoding of information, as well as SA, of course [11] . One more point is that there is no unanimous agreement on the role played by θ rhythm in SA. In fact, while some authors [2, 4, 34] considered both θ and α activities associated with conscious mental idleness, other studies [13, 41] found increasing θ activity during SA tasks, like oddball test, indeed. Accordingly, Molteni [14] detected an increasing and persistent θ activity spreading on frontal areas in healthy volunteers in a preliminary study on our dataset, thus providing a justification of our findings.
We observe similar results also for the patients' group, although in this case, all the three indices show significant negative correlations with the mean RT, with, anyway, weaker values for the P β / (P α + P θ ) ratio.
Moreover, both controls and patients show weaker correlation coefficients when only the frontal areas are considered (i.e., M1), than when derived from configurations including leads from the midline (i.e., Fz, Cz, Pz) and parietal areas, which were reported to be involved in cognitive processes [20, 35] . In particular the high correlation found between the α-based indices measured from these montages (i.e., M2, M3, and M4), is in line with the literature on SA, which underlines the role of the distributed fronto-parietal network in sustaining vigilance and alertness [1, 16] . It also agrees with the Bidling hypotheses,^which considers α oscillations related to mental inactiveness and lower responsiveness [42, 43] . Additionally, according to the literature and also to our results, the inclusion of the β activity is needed to better correlate with SA test performance [4, [44] [45] [46] [47] . This is better showed in the DAIaffected group, where the P β /P α and P β / (P α + P θ ) indices result to be strongly correlated also with the number of errors for the worse performing patients.
Time and montage effect
The capability of P β /P α and 1/P α indices in monitoring a subject's SA level is confirmed by investigating the Btime effect.^In particular, we found that the indices fluctuations across the 10-min CPT exercise are in line with previous works of our group [5, 14] and with a fMRI study on the same task [48] . In controls, after a strong increase of the P β /P α index (i.e., low α and high β) lasting for 2 min, a first decrease appeared in the second time block (block-2; 3-4 min), followed by a recovery until a final fading at the end of the test (i.e., block-5; 9-10 min). Accordingly, the fMRI study by Tana and colleagues reported a decreased activation volume and BOLD signal amplitude in the second and third time block, a recover in the fourth and a new decrease at the end of the test [48] .
Anyway, the fluctuations of the engagement indices are not characterized by concurrent significant worsening of the performances for controls; thus, it can be hypothesized that a light form of habituation may be present [5, 48] .
We also found a similar, but not significant time effect in the pathological group. As you can see in Section 3.2.2, P β / (P α + P θ ) index fades at the end of the test in parietal montages, P β /P α decreases in time block-2 and block-5 and 1/P α in block-3 and block-5, in the same parietal and central areas.
Regarding the information provided by the different montages, the central-parietal areas seem to be more linked to alertness, than frontal areas alone. Frontal montage (M1), in fact, show less pronounced fluctuations of the indices, with higher inter-subject variability. Moreover, P β -based indices derived from M1in DAI-affected subjects show lower values with respect to the other configurations of electrodes in block-1. This finding might be related to a difficulty of the patients in starting the test with high level of engagement due to damages in frontal and prefrontal cortical regions, which are known to be frequent in TBI subjects with a DAI diagnosis [5, 25] . This kind of axonal damages, in fact, can impair the bilateral fronto-parietal connections and slowdown higher frequency EEG oscillations (i.e., β activity) [49] .
Significance, limitations, and future works
Despite none of the analyzed indices was found to be discriminant between controls and patients, P β /P α and 1/P α are negatively correlated with RT values in both the groups (and with the number of errors in DAI patients), in particular when derived from midline areas. In our opinion, this result is of relevant interest because it provides evidences that EEG-derived indices may be helpful in the assessment of attention level during a SA task, thus adding corroborating information in line with the undergoing physiological mechanisms, which should be preserved in DAI-affected patients. Furthermore, our findings regarding the evaluation of time and montage effect provide additional evidence on the usefulness of monitoring EEG-based indices in training and rehabilitation tasks.
BNeurofeedback therapy^based on increasing β amplitude and decreasing α and θ activity has actually been employed with TBI patients in rehabilitation studies [47, 50] . In this contest, EEG metrics able to provide trustful neurofeedback to subjects are of primary concern, not only for mental engagement monitoring in long and highly demanding cognitive tasks but also for rehabilitation practices [17] . Thus, matching the right index with specific tasks and/or subjects' characteristics (i.e., pathologies) could improve rehabilitation outcomes. For example, we believe that in the practical implementation, the tuning of individual frequency bands may improve the tracking power when different categories of subjects are considered (i.e., children and elderly).
The main limitation of this work was the small number of participants in both groups. Estimation of the statistical power of our tests [51] , as expected given the little number of subjects, revealed a weak statistical power for our study. In particular, to reach a statistical power of 90%, at least 14 subjects would be required to significantly discriminate the engagement level between two different time blocks, while as concerns a possible significant difference between patients and controls within our results, a population of 50 samples would be required. Therefore, after further comparisons with the statistical design of previous works [12, 34] , we believe that to reach a sufficient statistical power in a future study, at least 30 subjects should be enrolled in each group.
In addition, for healthy people the task duration of 10 min was not sufficient to produce a significant increase in the error number, which we suppose may increase in longer test, where distractions and boredom may cause further vigilance decrements. Future works, involving larger population of normal subjects, as well as pre-and post-rehabilitation patients, could both validate our results with more robust statistical results and also possibly help derive discriminant and diagnostically useful biomarkers. Additionally, more challenging tasks could be explored.
Conclusions
In this work, three power-based EEG indices derived from four different configurations of leads were evaluated during a Conner's CPT test in a group of DAI-affected patients and age-matched controls.
The main conclusion emerging from the presented findings is that a combined evaluation of β and α power provides useful information about the level of mental engagement and alertness during SA tasks, in particular when measured from brain areas lying on the midline (i.e., Fz, Cz, Pz). Besides using these parameters for a better diagnosis of attention deficits, further applications should focus on implementing and validating tools based on brainwave indices aimed at providing real-time neurofeedback for rehabilitative systems.
